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ABSTRACT
Facial landmarks detection is undoubtedly important in many applications 
in computer vision for example face detection and recognition. This article 
demonstrated the use of Haar Cascade Classifiers to automatically locate 
the eye corners. We acquired our 3D face image data by Vectra 3D camera 
in a controlled environment. We use two data set of 300 eye images to 
train en and ex cascade classifiers regardless of the left and the right eye. 
These classifiers were then used to detect and locate the inner (en) and 
outer (ex) eye landmarks. To train HAAR cascade classifier we usually 
use huge amounts of data. But in this study, about 300 positive images 
used to train each classifier. Due to this we observed quite an amount of 
false positive detection. We developed a simple algorithm to predict the eye 
corners by first eliminate the false detection and geometrically modeled the 
eye. Our classifiers able to detect and locate en on 53 out of 60 test images 
and the ability to detect ex in 59 out of 60 test images. In craniofacial 
anthropometry, it is very important to locate the facial landmarks as per the 
standard definition of the landmarks. Our results demonstrated accurate 
detection of ex and en facial landmarks as per standard definition.  In 
conclusion, our trained enHaar and exHaar cascade classifiers are able to 
automatically detect the en and ex craniofacial landmarks in a controlled 
environment.
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1.0 INTRODUCTION
Craniofacial Anthropometry is a standard facial measurement used 
in a wide range of applied and research contexts, hence, reliable and 
accurate data are very important and cannot be compromised (Farkas, 
1996; Farkas, 1994). The used of computer technology such as Vectra 
3D Stereo Photogrammetry System and other similar systems helped 
the researchers in acquiring the data fast, reliable and accurate (Asi 
et al., 2012; Weinberg et al., 2006; Wong et al., 2008). Unfortunately, 
the systems require human interaction in locating the facial landmarks. 
Consistency in locating the landmarks and the examiners’ skill in 
taking the measurements are two important parameters in contributing 
the measurement errors as discussed in (Farkas, 1996). A study by 
(Toma et al., 2009) on intra and inter examiners error in reproducing 
the facial landmarks on the 3D image at three planes x, y and z. They 
had observed that 11% of inter examiners and 17% of intra examiner 
reproduced landmarks with more than one mm difference. 
Dauglas had attempted to locate the eye landmarks automatically in her 
study of Fatal Alchoholic Syndrom (FAS). She proposed an automatic 
measurements of the orbit region to compare the measurements 
of normal and the FAS group She used genetic algorithm and eye 
template to automatically locate the eye landmarks in her study 
(Douglas, 2004). Further studies by (Mutsvangwa & Douglas, 2007) 
using stereophotogammetry craniofacial anthropometry as a tool in 
FAS screening has been accepted as a standard procedure to screen 
FAS in children (Moore & Ward, 2012; Mutsvangwa & Douglas, 2007)
Automatic locating and extracting the facial landmarks proposed by 
Douglas is an alternative method to reduce the inter and intra examiner 
errors in craniofacial anthropometry. Viola and Jones (2001) objected 
detection framework is robust and accurately detect face in image. Viola 
and Jones used Haar-like features proposed by Papageorgiou in their 
algorithm to detect a face. These features encode differences in average 
intensities between two rectangular regions, and they are able to extract 
texture without depending on absolute intensities. They proposed an 
efficient system for evaluating these features which is called an integral 
image to reduce the exhaustive calculation of the rectangular regions. 
They used Adaboost to construct a strong classifier from the weak 
classifiers of small number of features. Its result is more robustness and 
computationally efficient (Lienhart & Maydt, 2002; Viola & Jones, 2001). 
Xia et al., had used the Viola and Jone faramework to detect the mikro 
facial features, the facial landmarks. They demonstrated a feature based 
method to detect the eye corners. They trained two cascade classifiers 
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of a pair of eyes images and successfully detect both inner and external 
eye landmarks (Xia et al., 2009). 
In this study, the Haar Cascade Classifier used to detect the inner and 
external eye corners. We trained the classifier with a our own data 
which is limited amount.
2.0 MATERIAL AND METHOD
We photographed 100 normal adults aged between 18 to 30 years old 
to get 3D facial images. We used VECTRA 3D stereophotogrammetry 
from Canfield Imaging System of Canfield Science Inc., and the module 
that we used was capable to capture image of 180 degree. The 3D 
images of the respondents were captured under a standard clinical 
lighting. The system consists of four cameras and two cameras of each 
side. Respondents were seated at rest position on a chair 90 cm in 
front of the cameras. We calibrated the system according to the system 
requirement before taking the subjects three dimensional images.
We converted and exported the 3D images in VECTRA 3D 
stereophotogrammetry system environment to get 3D-2D facial images 
which we refer as 2.5D images. We divided the 2.5D facial images into 
seventy (70) images for training data and thirty (30) images for testing 
data.
2.1  The Training Dataset
We prepared the positive image by firstly extract the eyes from the 
facial image. Then we prepared two sets of positive samples each 
sample to train the inner (en) and external (ex) eye corner classifiers. 
Each set contains 300 images of size 200x 200 pixel. For each positive 
sample, we marked the corner models. The inner eye (en) was 3/4 of the 
object height and 3/4 of the object width. The external eye corner (ex) 
was 2/3 of the object height and 3/4 of the object width. An example of 
the dataset as shown in Figure 1 and the object model of en and ex eye 
corners are shown in Figure 2. 
Negative samples were in general images that do not contain the en 
and ex objects model. To improve the accuracy of eye corner classifiers, 
we create the negative image by extracting any region of the size of 
200 x 200 pixels in the face area which do not include the eye corners. 
We use AdaBoost to boost these weak classifiers consisting of selected 
Haar-like features and construct the cascade classifiers. In this study, 
we constructed the enHaar and exHaar cascade calssifiers. 
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external (ex) eye corner classifiers. Each set contains 300 images of size 200x 200 pixel. 
For each positive sample, we marked the corner models. The inner eye (en) was 3/4 of
the object height and 3/4 of the object width. The external eye corner (ex) was 2/3 of the 
object height and 3/4 of the object width. An example of the dataset as shown in Figure 
1 and the object model of en and ex eye corners are shown in Figure 2.
Negative samples were in general images that do not contain the en and ex objects 
model. To improve the accuracy of eye corner classifiers, we create the negative image 
by extracting any region of the size of 200 x 200 pixels in the face area which do not 
include the eye corners. We use AdaBoost to boost these weak classifiers consisting of 
selected Haar-like features and construct the cascade classifiers. In this study, we 
constructed the enHaar and exHaar cascade calssifiers. 
Figure 1. Example of the training data set for inner-en (above) and external-ex (below) for left and right 
eye corners 
Figure 2. The landmark position of en (left) and ex (right) on the detected regions
2.2 Landmark Detection
First, we apply the OpenCV eye classifier to search the eye at the facial image. Then we 
used the extracted eye to detect the en and ex. To detect the eye corners, we search the 
input image for objects using the enHaar and exHaar cascades classifiers. The enHaar 
classifier was applied to find inner eye corners while the exHaar was used to look for 
the external. The process of eye corner detection is that one shifts the search window at 
multiple resolution and scales and checks each location using the classifier cascade. 
Due to the small amount of the data used in the training session resulted in increasing of 
false positive detections. To overcome this problem we developed a simple algorithm to
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Figure 2. The landmark position of en (left) and ex (right) on the 
detected regions
2.2  Landmark Detection
First, we apply the OpenCV eye classifier to search the eye at the 
fac al image. Then we us d the extracted eye to detect the en and ex. 
To detect the ye c rners, we s arch t e input image for objects using 
the enHaar and exHaar cascades classifiers. The enHaar classifier as 
applied to find inner eye corners while the exHaar was used to look 
for the external. The process of eye corner detection is that one shifts 
the search window at multiple reso ution and scale  and checks each 
location using the classifier cascade. 
Due to the small amount of the data used in the training session resulted 
in increasing of false positive detections. To overcome this problem 
we developed a simple algorithm to predict the eye corners by first 
eliminate the false detection by geometrically modeled the eye. 
3.0 EXPERIMENTAL RESULT
We tested our method on 60 left and right eye images. We implemented 
our method using OpenCV 2.4.1. Figure 3, Figure 4 and Figure 5 includes 
the example detection result of the ex and en craniofacial landmarks.
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3.0 EXPERIMENTAL RESULT
We tested our method on 60 left and right eye images. We implemented our method 
using OpenCV 2.4.1. Figure 3, Figure 4 and Figure 5 includes the example detection 
result of the ex and en craniofacial landmarks.
Figure 3. Detection of en and ex of the left eyes
Figure 4. Detection of en and ex of the right eyes
Figure 5. Fail detection of en of the right eye
We detected ex craniofacial landmark at 59 out of 60 left and right eye images and 
detected ex craniofacial landmark at 53 out of 60 left and right eye images. There were 
5 cases of the miss detection of en were at the right eye and 2 cases were in the left eye. 
The landmark detection quality is very good as per craniofacial anthropometry 
landmark definition. 
4.0 DISCUSSION AND CONCLUSION
We demonstrated the used of Haar Cascade Classifier in automatic detection of the 
micro facial feature. In this study, we created the en and ex Haar Cascade Classifier to 
automatically detect the en and ex craniofacial landmarks in a controlled environment. 
The detection performance for en is less than the detection performance of ex. The 
detection quality of en and ex craniofacial landmarks is very good. The detections were 
as per the standard definition of the en and ex craniofacial landmarks.
In conclusion, our trained enHaar and exHaar cascade classifiers are able to 
automatically detect the en and ex craniofacial landmarks in a controlled environment. 
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detection quality of en and ex craniofacial landmarks is very good. The detections were 
as per the standard definition of the en and ex craniofacial landmarks.
In conclusion, our trained enHaar and exHaar cascade classifiers are able to 
automatically detect the en and ex craniofacial landmarks in a controlled environment. 
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5 cases of the miss detection of en were at the right eye and 2 cases were in the left eye. 
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4.0 DISCUSSION AND CONCLUSION
e demonstrated the used of Haar Cascade Classifier in automatic detection of the 
micro facial feature. In this study, we created the en and ex Haar Cascade Classifier to 
automatically detect the en and ex craniofacial landmarks in a controlled environment. 
The detection performance for en is less than the detection performance of ex. The 
detection quality of en and ex craniofacial landmarks is very good. The detections were 
as per the standard definition of the en and ex craniofacial landmarks.
In conclusion, our trained enHaar and exHaar cascade classifiers are able to 
automatically detect the en and ex craniofacial landmarks in a controlled environment. 
Figure 5. Fail detection f en of the right eye
We d tect d ex craniofacial landmark at 59 out of 60 left and ri ht eye 
images and detected ex cr niofacial landmark at 53 out of 60 left and 
right eye i ages. There were 5 cases of the miss det ction of en were at 
the right eye a d 2 cases were in the left eye. The landmark detection 
quality is very good as per craniofacial anthropometry landmark 
definition. 
4.0 DISCUSSION AND CONCLUSION
We dem nstrated the used of Haar Cascade Classifier in automatic 
det ction of the micro facial feature. I  this stu y, we created the en 
and ex Haar Cascade Classifier to automatically detect the en and ex 
craniofacial landmarks in  controlled environment. The detecti n 
performanc  for n is less th n the detection perf rmance of ex. The 
detection quality of en and ex craniofacial landmarks is very good. 
The detections were as per the standard definition of the en and ex 
craniofacial landmarks.
In conclusion, our trained enHaar and exHaar cascade classifiers are 
able to automatically detect the en and ex craniofacial landmarks in 
a controlled environment. The detections are good as per standard ex 
and en craniofacial landmarks definition. The used of small amounts 
of trained data resulted in classifiers with high rate of false positive. 
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In this situation we able to remove the false positive by geometrically 
model the eye. 
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